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Abstract 
In this paper, the principles of wavelet thresholding denoising methods were presented. In order to suppress Pesudo-
Gibbs phenomenon caused by traditional denoising methods, translation invariant denoising method was then 
proposed. Finally, single frequency and multiple frequencies voltage flicker signals denoising  were simulated with 
Matlab emulator. The perfect results of simulation show that translation invariant denoising method can denoise the 
signals effectively, which provides basis for voltage flicker signal analysis and detection. 
© 2011 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of [name organizer] 
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1. Introduction 
Due to the rapid increase of large capacity electric furnace loads in power systems, voltage fluctuation 
and voltage flicker has become an important aspect of power quality [1]. In order to compensate the 
voltage fluctuation effectively, it is necessary to detect and analyze voltage fluctuation and flicker 
accurately. However, the voltage flicker signal is easy to be contaminated by random electrical noise. The 
effect of denoising algorithm thus influences the accuracy of the signal extraction and defect location. 
Traditional denoising method based on wavelet transforms is wavelet shrinkage or thresholding 
proposed by Donoho and Johnstone [2]. The method deals with wavelet coefficients using soft or hard 
thresholding to remove noise from signals. Then the denoised signal can be reconstructed by the resulting 
wavelet coefficients. However, hard thresholding denoising method may lead to the oscillation of the 
reconstructed signal; the soft thresholding denoising method may reduce the amplitude of the signal 
waveform. Furthermore , the two denoising methods  are all accomplished by discrete wave transform 
(DWT). Since DWT is not translation invariant, the artificial interferences called Pseudo-Gibbs 
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phenomena exist in the neighborhood of discontinuities. In order to suppress such artifacts, for a range of 
shifts, cycle spinning is to shift the data, de-noise the shifted data, then un-shift the de-noised data, and 
average over the several results so obtained. This version of cycle-spinning is invariant under circulant 
shifts, and so translation-invariant [3,4]. 
In this paper, after introduction of the mathematical model for voltage flicker, wavelet thresholding 
denoising methods are presented. In order to overcome the defects of the traditional denoising methods, 
translation invariant denosing method is then proposed. Finally, two kinds of voltage flicker signals 
denoising are simulated to verify the effectiveness of the presented method with Matlab wavelet toolbox. 
2. Mathematical model for voltage flicker 
Voltage flicker can be regarded as sinusoidal power frequency carrier voltage modulated by a low-
frequency signal. The mathematical expression of flicker signal is expressed as  
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where U is the rated voltage of the grid; 0f  being the frequency of power frequency carrier voltage, 
modulation coefficient M of modulated signal ( )tD  ranges from 1% to 10%  while the frequency of the 
modulation signal is generally less than 35Hz. Envelope signal ( )A t  contains information about 
magnitude and frequency of  voltage flicker signal. Modulation signal can be given as 
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where mk  and mf  are magnitude and frequency of modulation voltage respectively.  
3. Wavelet thresholding denoising method 
Voltage flicker signal often submerges in random electrical noise that can be described as white noise. 
The noisy signal ( )x t  includes flicker signal ( )u t  and Gaussian white noise ( )w t  with zero mean and 
variance 2V
                          ( ) ( ) ( )x t u t w t                                        (3) 
In practical applications, analog signal ( )x t  is turned into digital signal ( )x n . The noisy signal ( )x n
with finite length N  can be described as follows 
                      ( ) ( ) ( ) 0x n u n w n n N  d            (4) 
Traditional wavelet thresholding denoising methods are proposed by Donoho et al., working in three 
steps:
1) Transform the noisy signal ( )x n  into an orthogonal domain using discrete wavelet transform (DWT). 
,j kw  denotes the coefficient of  DWT at scale j  and position k .
2) Apply thresholding to the coefficient 
,j kw , obtaining the estimated coefficient ,ˆ j kw .
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Soft thresholding method 
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where  threshold 2 log( )NO V . Since variance 2V  of the noise is unknown in practice, V  can be 
estimated by wavelet coefficients, ,
0.6745
j kmedian wV  . Here, ,j kmedian w  represents the median value of 
the absolute values of wavelet coefficients. ( )sign t  is the  sign function. 
3) Reconstruct the denoised signal from coefficients 
,ˆ j kw  using inverse discrete wavelet transform 
(IDWT).
4. Translation-invariant wavelet denoising method 
Wavelet thresholding denoising algorithms have good results in denoising, but they may result in 
Pseudo-Gibbs phenomena in the neighborhood of discontinuities. 
The orthogonal wavelet basis is a set of basis functions obtained by dilating and translating the wavelet 
function. In general, a set of orthogonal wavelet functions cannot perfectly match the local characteristics 
of the original signal in multi-scale case; the oscillation phenomena are thus created. Hence, changing 
signal range sequence can change the position of the singularity; and the singularity can be reduced or 
removed. 
4.1 Translation-Invariant(TI) Denosing 
First, shift the noisy flicker signal within range of cycle spinning to get a new shifted flicker signal, 
then denosie the shifted signal transformed by DWT using soft or hard thresholding, and then unshift the 
denoised flicker signal reconstructed by IDWT. Repeat the above steps for the next shift to get a series of  
denoised flicker signals. Finally, average all the obtained denosied signals to get the final denoised flicker 
signal. Translation-invariant denosing can be expressed in formula 
Average[Shift-Denoise-Unshift]                 (7) 
4.2 Discrete Stationary Wavelet Transform (SWT) 
Stationary wavelet transform is a time-invariant transform. For any discrete signal input ( )x n ,
discrtete stationary wavelet transform wavelet coefficients are computed by successive convolutions. 
At the decomposition, the low-pass signal 1ja   and high-pass signal 1jd   can be written as below 
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SWT is computed with a cascade of filters with the low-pass filter h and the high-pass filter g  . The 
approximation coefficient 
1ja   and the detail coefficient 1jd   are computed by taking every other sample 
of the convolution of ja  with h and g , respectively. The low-pass filter h  removes the higher frequencies 
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of the inner product sequence ja  whereas the high-pass filter g  collects the remaining highest 
frequencies [5].   
At the reconstruction, the signal ja  can be performed with the dual filters h  and g .
1 1
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(a) decomposition                         (b) reconstruction 
Figure 1. Diagrams of the SWT decomposition and reconstruction 
SWT decomposition and reconstruction of the given signal at level j  are shown in Fig. 1. The original 
signal is reconstructed through convolutions with h  and g . A multiplication by 1/2 is necessary to 
recover the next finer scale signal ja .
The two-level stationary wavelet decomposition and reconstruction of a given signal ( )x n  are 
illustrated by Fig. 2. The coefficients 1a  and 1d  of the given signal are obtained by convolving the signal 
with the appropriate dilated filters as in the DWT case but without downsampling. 
Figure 2. Diagram of a two-level sationary wavelet decomposition and reconstruction 
5. Simulation  of voltage flicker signals denoising  
In this section, voltage flicker signals denoising were simulated with Matlab’s Wavelet Toolbox [6]. 
Two conditions were discussed to illustrate voltage flicker signals denoising. The flicker signals with 
white noise were denoised by four different methods that are hard thresholding denoising, soft 
thresholding denoising, translation invariant hard thresholding denoising and translation invariant soft 
thresholding denoising. Daubechies 4(db4) selected as mother wavelet, sampling frequency 
Sf  was 
800Hz; the number of sampling points being 800.  
5.1 Single Flicker Frequency Voltage Flicker Signal Denoising 
The mathematical expression of the single flicker frequency voltage flicker signal can be expressed as 
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             1 0( ) [1 0.06cos(2 )]cos(2 )u t f t f tS S             (10) 
where power frequency 0 50f Hz , flicker frequency 1 3f Hz .
 Single flicker frequency voltage flicker signal and the signal with noise are shown in Fig. 3. The noisy 
flicker signal were denosied by four denosing methods , the denoised signals shown in the last four 
waveforms in Fig. 1 as well.  
Signal-to-noise ratio (SNR) is defined to assess the effect of the denoising methods, measured in 
decibels: 
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Figure 3. Waveforms for single flicker frequency voltage flicker signal denoising 
where ˆ( )x n  is the denoised signal; ( )x n is the original signal. Root-mean-squared error (RMSE) is used 
to express the denoising performance in quantitative term.
21 ˆ[ ( ) ( )]
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N
 ¦                  (12) 
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where N is the length of the discrete signal. The performance of four denoising methods is shown in 
Table ĉ.According to the data in Table ĉ, translation invariant denosing methods obtain higher signal-
to-noise-ratio (SNR) and lesser root-mean-squared error (RMSE). 
Table 1. Denoising performance of four methods  
 SNR(db) RMSE 
Hard  thresholding 19.9 0.092 
Soft thresholding 18.7 0.095 
TI Hard  thresholding 22.1 0.058 
TI Soft thresholding 21.3 0.059 
5.2 Multiple Flicker Frequencies Voltage Flicker Signal Denoising 
The multiple flicker frequencies voltage flicker signal is given as 
1 2 0( ) [1 0.06cos(2 ) 0.05cos(2 )]cos(2 )u t f t f t f tS S S    (13) 
where flicker frequency 1 3f Hz and 2 15f Hz .
Figure 4. Waveforms for multiple flicker frequencies voltage flicker signal denoising 
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Multiple flicker frequencies voltage flicker signal, the noisy signal, and the denoised signals denoised 
by four methods are shown in Fig. 4, the comparisons of four denoising methods shown in Table Ċ.
Table 2. Comparisons of denoising performance  
 SNR(db) RMSE 
Hard  thresholding 18.6 0.157 
Soft thresholding 16.7 0.159 
TI Hard  thresholding 19.9 0.105 
TI Soft thresholding 19.3 0.122 
6. Conclusion 
This paper presents translation invariant denoising method. The algorithm overcomes the defects of 
traditional soft and hard thresholding denosing; hence, it can suppress Pesudo-Gibbs phenomenon 
efficiently.
The perfect results of simulation show that translation invariant denosing method can denoise the 
signals effectively, which provides a reliable basis for voltage flicer signal extraction. 
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